Zika is an emerging virus whose rapid spread is of great public health concern. Knowledge about 2 transmission remains incomplete, especially concerning potential transmission in geographic areas 3 in which it has not yet been introduced. To identify unknown vectors of Zika, we developed a 4 data-driven model linking vector species and the Zika virus via vector-virus trait combinations 5 that confer a propensity toward associations in an ecological network connecting flaviviruses and 6 their mosquito vectors. Our model predicts that thirty-five species may be able to transmit the 7 virus, seven of which are found in the continental United States, including Culex quinquefasciatus 8 and Cx. pipiens. We suggest that empirical studies prioritize these species to confirm predictions 9 of vector competence, enabling the correct identification of populations at risk for transmission 10 within the United States.
Introduction
ulations exhibiting low dissemination rates even though the initial viral titer after inoculation may be high (Diagne et al. 2015) . This suggests that in some locations other species may be involved 41 in transmission. The outbreak on Yap, for example, was driven by a different species, Ae. hensilli traits of all mosquitoes for which flaviviruses have been isolated from wild caught individuals, and, 149 depending on the species, may or may not have been tested in full transmission cycle experiments 150 (a total of 180 mosquito species). This expanded dataset allowed us to predict over a large 151 number of mosquito species, while reasonably limiting our dataset to those species suspected of 152 transmitting flaviviruses. The output of this model was a propensity score ranging from 0 to 1. 153 In our case, the final propensity score for each vector was the mean propensity score assigned by 154 the twenty-five models. To label unobserved edges, we thresholded propensity scores at the value 155 of lowest ranked known vector (Liu et al. 2013) .
156

Model Validation
157
In addition to conventional performance metrics, we conducted additional analyses to further 158 validate both this method of prediction, and our model specifically. To account for uncertainty 159 in the vector-virus links in our initial matrix, we repeated our analysis for a vector-virus matrix 160 with a less conservative definition of a postive link (field isolation and above), referred to as 161 our supplementary model. Vector competence is a dynamic trait, and there exists significant 162 intraspecific variation in the ability of a vector to transmit a virus for certain species of mosquitoes 163 (Diallo et al. 2005b , Gubler et al. 1979 ). Our supplementary model is based on a less conservative 164 definition of vector competence and includes species implicated as vectors, but not yet verified 165 through laboratory competence studies, and therefore accounts for additional uncertainty such as 166 intraspecific variation.
167
While this approach is well-tested in epidemiological applications (Parascandola 2004), it has 168 only recently been applied to predict ecological associations, and, as such, has limitations unique to 169 this application. To further evaluate this prediction method, we performed a modified "leave-one-170 out" analysis, whereby we trained a model to a dataset from which a well-studied virus had been 171 ommitted, and then predicted vectors for this virus and compared them against a list of known 172 vectors. We repeated this analysis for West Nile, dengue, and yellow fever viruses, following the 173 same method of training as for our original model. While this analysis differs from our original 174 method, it provides a more stringent evaluation of this method of prediction because the model is trained on an incomplete dataset and predicts on unfamiliar data, a more difficult task than that posed to our original model. consisted of an additional 103 mosquito species suspected to transmit flaviviruses, but for which 181 evidence of a full transmission cycle does not exist. This resulted in 180 potential mosquito-Zika 182 pairs on which to predict with our trained model. As expected, closely related viruses, such as 183 the four strains of dengue, shared many of the same vectors and were clustered in our network 184 diagram (Fig. 1 ). The distribution of vectors to viruses was uneven, with a few viruses vectored 185 by many mosquito species, and rarer viruses vectored by only one or two species. The virus with 186 the most known competent vectors was West Nile virus (31 mosquito vectors), followed by yellow 187 fever virus (24 mosquito vectors). In general, encephalitic viruses such as West Nile virus were 188 found to be more commonly vectored by Culex mosquitoes and hemorrhagic viruses were found 189 to be more commonly vectored by Aedes mosquitoes (see Gould and Solomon (2008) for further 190 distinctions within Flaviviridae) ( Fig. 1 ).
191
Our ensemble of BRT models trained on common vector and virus traits predicted mosquito breeding in natural sites such as tree holes and swamps. Therefore, in addition to the wider 289 geographic region supporting potential vectors, these findings suggest that both rural and urban 290 areas could serve as habitat for potential vectors of Zika. We recommend experimental tests of 291 these species for competency to transmit Zika virus, because a confirmation of these vectors would 292 necessitate expanding public health efforts into these areas not currently considered at risk. 
